16 17 Phthalic acid esters (phthalates) are male reproductive toxicants, which exert their most 18 potent toxicity during a critical window of sensitivity in fetal development. In the fetal rat, 19 exposure to phthalates reduces testosterone biosynthesis, alters the development of 20 seminiferous cords and other male reproductive tissues, and induces the formation of 21 abnormal multinucleated germ cells (MNGs). Identification of MNGs is a time-intensive 22
process, and it requires specialized training to identify MNGs in histological sections. As 23 a result, MNGs are not routinely quantified in phthalate toxicity experiments. In order to 24 speed up and standardize this process, we have developed an improved method for 25 automated detection of MNGs. Using hand-labeled histological section images with 26 human-identified MNGs, we trained a convolutional neural network with a U-Net 27 architecture to identify MNGs on unlabeled images. With unseen hand-labeled images 28 not used in model training, we assessed the performance of the model, using five 29 different configurations of the data. On average, the model reached near human 30 accuracy, and in the best model, it exceeded it. The use of automated image analysis 31 will allow data on this histopathological endpoint to be more readily collected for 32 analysis of phthalate toxicity. Our trained model application code is available for 33 download at github.com/brown-ccv/mngcount. Phthalates (phthalic acid esters) are used to make a variety of industrial products and 38 consumer goods, most notably to plasticize polyvinyl chloride for use in products such 39 as vinyl sheeting and medical tubing (Kavlock et al. 2006) . Human exposure to 40 phthalates is nearly universal, and their toxicity to male reproductive tract development 41 raises concern for male reproductive health. In rat models with in utero exposure to 42 certain phthalates, decreased testosterone production is observed (Barlow and Foster 43 2003; Furr et al. 2014; Parks et al. 2000; Mylchreest et al. 2000; Wolf et al. 1999; 44 Mylchreest et al. 1998 ). However, quantification of male reproductive toxicity is 45 complicated by lack of concordance between this effect on steroidogenesis and other 46 adverse testicular development outcomes, as histological effects on the testis can occur 47 regardless of a reduction in measured testosterone (Spade et al. 2014; Mitchell et al. 48 2012; Heger et al. 2012; Johnson et al. 2012; Gaido et al. 2007 The primary drivers of the low quantity of MNG count data are the time required for 55 performing the count and the training needed for an expert to be able to confidently 56 identify the MNGs (Spade et al. 2018) . Additionally, there is error inherent in 57 recognizing an MNG in a thin tissue section, or especially a two-dimensional image of a 58 thin section. This is due at least in part to the high density of germ cells in seminiferous 59 cords, the large germ cell nuclei and low ratio of cytoplasm area to nucleus area in 60 cross-section, and the sometimes indistinct germ cell membrane. As a result of these 61 features, different experts are able to reach different conclusions about some fraction of 62 the cells that are identified as MNGs. Spade et al. (2018) began the process of 63 addressing these issues through the creation of a semi-automated counting pipeline. 64 Using hematoxylin-stained thin sections of fetal rat testes and a scripted process though Images were down-sampled to 1 micron per pixel and compressed using the NIH's 159 ImageJ software, then converted to 24-bit RGB PNG files. We determined that the 160 color ratios did not contain additional useful information beyond the grayscale values, so 161 we converted the color images to single-channel 8-bit greyscale images. We then 162 cropped sub-images around each individual testis slice on the slide. In most cases, 163 each slide contained four testis slices. To quantify the match between human scorers or the model, we utilized the F1 score 180 metric, which is the harmonic mean of the precision and the recall: The result of the trained neural network is a map of MNG probability for each pixel 239 scaled as a brightness with integer values ranging from 0 to 255. To convert it into a 240 binary map of MNG locations, we used brightness and area cutoffs (Figure 1 ). All pixels 241 below the brightness cutoff were removed, and only remaining connected regions of 242 pixels with areas of above the area cutoff were retained. For reasons of computational 243 efficiency, the areas we used here were Green's theorem areas, which are typically 244 slightly lower than literal pixel areas. To calculate the optimal brightness and area 245 cutoffs, as well as the optimal epoch, we used a grid search, selecting the combination 246 of values these three parameters that maximized the F1 score (Figures 2 and 3) . We successfully ran our model on all five of the fold configurations. There was little 276 consistency in the optimal parameter values among the different fold configurations.
277
There was especially great variety in the optimal epoch, with values ranging from 1 to 278 13 ( Table 1) . The fold configuration with Fold 4 as the holdout set led to the lowest 279 holdout set F1 score, 0.622, and its optimal cutoff area was a rather extreme outlier of 280 20. This fold combination used Fold 0, which had a much larger number of MNGs than 281 the other folds, as its test set. The fold combination with the second lowest holdout set 282 F1 score was when Fold 0 was the holdout set, and in that case the optimal cutoff area 283 was 150, above the outlier of 20 but still clearly lower than for the other folds. We were careful to do everything we could to minimize this sort of overfitting. One 354 crucial step we took was to ensure that each slide would fall in its own fold. We did not The resulting variability among the folds is a major driver of error in accurately 362 assessing the F1 scores. Even among folds with similar MNG counts, some folds will 363 be easier for the model to count than others. For instance, in the model with the best 364 holdout set score, where Fold 3 is the holdout set, the holdout set score, 0.805, is 365 higher than the test set score, 0.756. In all the other cases, the holdout set score is 366 lower than the test set score, which makes sense because the model in the test set has 367 been optimized to produce the best possible F1 score for the test set. So the high F1 368 score when Fold 3 is the holdout set may be partially driven by Fold 3 being easier to 369 count. When Fold 3 is used as the test set, it produces a slightly higher test set F1 370 score than any other fold configuration, which is additional evidence that Fold 3 may 371 simply be easier for the model to count. The MNG identification problem is a difficult task for humans to perform consistently. 376 We have shown that a convolutional neural network using the U-Net architecture can 377 approach near human accuracy and, in the case of the best model, exceed it. This new 378 automated approach is significantly faster and involves much less human input, which 379 will facilitate the generation of dose-response data for induction of MNGs by phthalates. 380 The code for applying the trained model can be downloaded from github.com/brown-381 ccv/mngcount, and the code for training the model can be found at 382 github.com/samwbell/train_unet_mng. 383 384
